Abstract. Most animals live in seasonal environments and experience very different conditions throughout the year. Behavioral strategies like migration, hibernation, and a life cycle adapted to the local seasonality help to cope with fluctuations in environmental conditions. Thus, how an individual utilizes the environment depends both on the current availability of habitat and the behavioral prerequisites of the individual at that time. While the increasing availability and richness of animal movement data has facilitated the development of algorithms that classify behavior by movement geometry, changes in the environmental correlates of animal movement have so far not been exploited for a behavioral annotation. Here, we suggest a method that uses these changes in individual-environment associations to divide animal location data into segments of higher ecological coherence, which we term niche segmentation. We use time series of random forest models to evaluate the transferability of habitat use over time to cluster observational data accordingly. We show that our method is able to identify relevant changes in habitat use corresponding to both changes in the availability of habitat and how it was used using simulated data, and apply our method to a tracking data set of common teal (Anas crecca). The niche segmentation proved to be robust, and segmented habitat suitability outperformed models neglecting the temporal dynamics of habitat use. Overall, we show that it is possible to classify animal trajectories based on changes of habitat use similar to geometric segmentation algorithms. We conclude that such an environmentally informed classification of animal trajectories can provide new insights into an individuals' behavior and enables us to make sensible predictions of how suitable areas might be connected by movement in space and time.
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v www.esajournals.org van TOOR ET AL. of the tagged animals at an unprecedented rate. Animal location data have become ever more accurate in space and time, and the duration over which a single individual can be observed steadily increased. Thus, animal movement data have become not only more accurate, but also much more abundant. With the increased spatiotemporal resolution owed to the technological developments, the amount of details that can be gleaned from movement data has also increased. It is now possible to not only know where animals were and how much space they used, but also what they were doing during the time of observation. The contextualization of locations, that is, the ability to put locations in a behavioral context, allows us to address important questions like how an individual allocates its time and energy to specific behaviors. Contextualization also is the basis on which we can associate resource distribution with a more detailed perspective of space use, as well as study the interactions between tagged individuals or even species, particularly in predator-prey dyads. The identification of behavior from animal trajectories thus provides a unique and important perspective on ecology in high detail in the wild.
While in the past mainly expert opinion was used for the behavioral classification of animal trajectories, the exponential growth of collected movement data as well as the necessity for reproducibility poses logistical limits on expert-based contextualization. Hence, behavioral classification is being increasingly based on algorithms often referred to as segmentation algorithms. These algorithms subset a behaviorally heterogeneous trajectory into a discrete number of segments that characterize distinct patterns representing coherent behavior (Gurarie et al. 2016) . Current segmentation algorithms often rely on metrics such as speed and tortuosity of the trajectory and are in general based on the geometry of the movement alone (e.g., Gurarie et al. 2009 , Garriga et al. 2016 .
Trajectories can, however, be characterized not only by their geometry, but also by the environmental conditions an individual was observed in. Certain behaviors like foraging and resting are often tied to a specific habitat, as observed in, for example, Spanish stone martens (Martes foina) who use pastures for foraging and orchards for resting (Santos and Santos-Reis 2009) . Similarly, the association between an animal and its environment can change with changing life-history stages. For example, some species of migratory birds use very different habitat in their temperate breeding grounds compared to what they use in the tropical wintering areas , Nakazawa et al. 2004 , Batalden et al. 2007 ). Finally, habitat segregation can occur for different age classes of the same species, for example, in cave salamanders (Hydromantes (Speleomantes) strinatii, Ficetola et al. 2012) .
Thus, behavior across multiple temporal scales can be linked to the environment an individual is observed in. In the reverse conclusion, changes in the association between an individual and its environment could thus indicate changes in behavior. These changes in the association of individuals with their surrounding environment can be the consequence of different processes: The individual moved to a different habitat, the environment itself changed over time, or both happened in parallel, all of which can be indicative of a behavioral change.
We argue that the changes in the relationship between an individual and its environment can, similar to a segmentation based on movement geometry, be utilized for a behavioral segmentation of trajectories. In this study, we suggest a new class of segmentation algorithms that uses environmental correlates of a trajectory, rather than movement geometry, for behavioral classification. We will utilize changes in the realized ecological niche of tracked individuals and, by comparing snapshots of their habitat use, introduce niche segmentation for movement trajectories. Besides being important for a better understanding of how individuals change their behavior in relation to changes in the environment, niche segmentation is also a key to finding a minimum adequate number of time-explicit niche models when modeling habitat use of animals that undergo niche shifts in their life cycle. The identification of distinct realized niche volumes is pivotal to accurately predict where animals will eventually be for a specific life-history stage, or under specific environmental conditions.
Segmentation of animal trajectories by changes in habitat use
Our approach to niche segmentation is based on the classic habitat suitability, or ecological v www.esajournals.org VAN TOOR ET AL. niche model (also termed species distribution models, SDM), and uses a measure of transferability to cluster subsets of a trajectory into segments based on their similarity in habitat use. Species distribution models are derived from the Grinnellian and Hutchinsonian niche concepts (Grinnell 1917 , Hutchinson 1957 , Soberón 2007 and capture the environment species preferentially occur in to understand and approximate the potential distribution and abundance of individuals, populations, and species in space (e.g., Sattler et al. 2007 ). While originally developed for the estimation of a species' ecological niche, SDMs are now also being used on the level of animal groups or individuals to identify intraspecies variation in habitat use, for example, between age classes (Ficetola et al. 2012) or sexes (van Toor et al. 2011) . One of the main advantages of SDMs is that they can describe a complex environment in terms of a single metric-habitat suitabilitywhich is based on where a species or an individual occurs, and which environmental conditions are available. In contrast to a multivariate description of the environmental conditions at a given location, habitat suitability at a specific location can be easily compared across, for example, individuals or for different points in time.
To evaluate changes in habitat use along a series of animal locations, we divide an environmentally annotated trajectory into non-overlapping windows of equal window size S (Fig. 1, step 1) . We model habitat use within each of these windows using an SDM and subsequently compare habitat use between windows. To do so, we estimate the pairwise similarity in habitat use between all windows using a measure of transferability, which we refer to as the Discriminatory Index (DI, see Section 1 in Appendix S1). The DI quantifies how well a SDM can discriminate between presences and pseudoabsences, taking values between 1 (perfectly correct discrimination) and −1 (complete opposite prediction). By calculating the DI of all pairwise comparisons of windows, we obtain a matrix of transferability that estimates similarity of habitat use across the SDMs of all windows (Fig. 1, step 2) . Finally, we group the windows into niche segments based on the similarity of habitat use through a clustering of the transferability matrix (Fig. 1, step 3) . To achieve this, we ordinate the transferability matrix such that windows for which DI is higher become placed closer to each other, and windows for which DI is lower become placed further apart in two-dimensional space. A clustering is then applied to the ordination axes derived from the transferability matrix. In contrast to assuming a priori a number of clusters, we determine the number of clusters that produces the most compliant clustering using the respective cluster silhouettes (Rousseeuw 1987) . The resulting clustering of windows is finally used to annotate the original data with an environmentally informed segmentation, which we refer to as niche segmentation (Fig. 1, step 4) .
Testing the niche segmentation with simulated data
We test our niche segmentation concept first on simulated environmental and movement data. This allows us to evaluate whether known changes in habitat use can be detected using our approach, an assessment which would be impossible to make in empirical animal trajectories. We consider the two different processes that can lead to shifts in the relationship between an individual and its environment, and their combination: (1) changes in the environment available to the individuals without changes in habitat preference (niche following), (2) changes in the habitat preference of individuals without changes in the environment (niche switching), or (3) both processes in parallel (simultaneous change). By integrating all three of these processes into the simulated data, we can investigate whether changes in habitat preference or changes in the surrounding environment are more likely to be detected by the niche segmentation.
For our simulations we simulate movement trajectories using correlated random walks (CRW, e.g., Codling et al. 2008 ) which we biased by modeled preferences for the surrounding environmental conditions. Different from an unbiased CRW, the environmental conditions at every possible location are taken into account in an iterative stepwise simulation of the trajectories. This preference for a certain environmental condition is thus incorporated in the movement trajectory, and results in a realized niche reflecting this preference. We introduce changes in habitat use by switching this preference at specific known points in time mimicking niche switching, and/or gradually changing the environmental conditions to simulate niche following and the simultaneous change of both. We then v www.esajournals.org van TOOR ET AL. use the niche segmentation concept to identify break points in the observed habitat use of the simulated trajectories, and test the ability of the method to reconstruct the underlying, simulated process.
Application to an empirical tracking data set of common teal
Finally, we apply the niche segmentation approach to empirical tracking data of the common teal, a small species of dabbling duck with a wide distribution in the Northern hemisphere (Anas crecca, L. 1758). We make no a priori assumption about the timing of changes in habitat use over the annual cycle of the common teal, but instead reconstruct it from the data using the niche segmentation. While this species is resident in some parts of its range, most of the populations are considered migratory. We therefore expect to find changes in the temporal signature of habitat use at least as an effect of the migration between breeding and wintering ranges. Typical for empirical animal movement data sets is that they contain many idiosyncrasies making the analysis more challenging compared to simulated trajectories. We show how to address typically occurring characteristics of empirical data in the segmentation approach, such as irregular sampling or the inclusion of location error.
In this study, we focus our main interest on seasonal changes of habitat use. We repeat the niche segmentation using four different window sizes S to investigate how the choice of S influences the resulting segmentation. Subsequently, we evaluate whether the niche segments detected by the segmentation reflect relevant changes in habitat use known for the species. We derive a set of SDMs specific to the niche segments identified by the segmentation to compare the spatial predictions of habitat suitability to the life history of common teal as published in the literature. Furthermore, we test how migration and catching site of individuals contributed to the resulting segmentation of the data set. Finally, we compare the performance of SDMs derived for niche segments to SDMs based on the complete data set.
MaterIals and Methods

Data preparation
Simulated data.-We used simulations to test the capability of our segmentation method to detect changes in habitat use under three different scenarios: (1) niche following (constant habitat preference in a changing environment), (2) niche switching (changing habitat preference in a constant environment), and (3) a simultaneous change (changing habitat preference and changing environment). We also allowed other parameters to vary, namely the number of niche segments introduced to the simulated data, and the size of windows the data were partitioned by (S). For each scenario, we varied all these parameters to estimate their effect on the accuracy of the method (Table 1) , and computed 1000 replicates per scenario and number of niche segments while S was chosen randomly. To simulate the movements of individuals in artificial landscapes, we used random fields (Schlather et al. 2015 , R-package RandomFields, version 3.1.8) and CRWs biased by habitat preference. We created landscapes using a Whittle-Matern covariance model on a grid of 250 by 250 cells of arbitrary size. This size was chosen because it was sufficiently large such that no simulated individual ever encountered an edge, thus avoiding edge effects. The habitat preference of individuals was sampled from the range between the 5%-and 95%-quantiles of the available Notes: Listed are all parameters used and how they were handled for each of the different scenarios. We computed 1000 replicates for every combination of parameters, except for window size which was chosen randomly. v www.esajournals.org van TOOR ET AL. environmental conditions. We calculated a bias layer from the environment by normalizing the absolute difference between the individuals' preference and the environmental value for each grid cell. For each of the simulations, we used a group of five individuals. The starting locations for the individuals were sampled from a circle around the grid center with a radius of 50 cells, and weighted by the corresponding bias layer values. For the biased CRWs, we created a twodimensional kernel density of step lengths (Weibull distribution with k = 2 and λ = 1) and turning angles (wrapped Cauchy distribution with μ = 0 rad and γ = 0.9) with 100 by 100 grid cells, representing 1000 potential steps of varying probability.
At each point in time (t), we calculated the putative end locations of all 1000 steps relative to the individual's previous position x t − 1 . The realized step with the new position x t was sampled from all possible steps weighted by the product of their probability (the kernel density) and the environmental bias of the corresponding locations. For the three different simulation scenarios, the data for the segmentation were prepared as follows: (1) Niche following; We simulated a gradual change in the environment by shifting the values of the initial environmental layer by an arbitrary amount, and interpolated the number of desired segments between these two layers. Then, all individuals were allowed to take 100 steps on each of the layers, with the starting location on each layer corresponding to the last position on the previous layer. (2) Niche switching; For each niche segment, all individuals were allowed to take 100 steps, resulting in a total of 500 presence locations for all five individuals. After reaching the last location, a new environmental preference was sampled and a new bias layer computed, and the process repeated.
(3) Simultaneous change; In this case, we first created the environmental time series as in (1), then sampled the number of species segments (either smaller or equal to the number of environmental segments). Again, for each of the segments, the individuals were allowed to take 100 steps in the corresponding environment and biased by the corresponding preference. We sampled 500 locations per segment as pseudoabsences to achieve a 1:1-ratio of presences vs. absences. Both presences and pseudoabsences were subsequently annotated with the environmental information in space and time. To prepare the data for segmentation, the complete data set with information on position, presence or absence, environmental conditions, and the true niche segment for both environment and the individuals' habitat preference was partitioned into windows with the predefined size S. We provide a commented R-script that provides all necessary details to repeat the simulations in the Data S1.
Tracking data of common teal
In addition to the simulation study, we tested our method on a tracking data set of the common teal. Between 2007 and 2010, 34 individuals of common teal were caught at five different study sites (China, India, Kazakhstan, Egypt, and Turkey) and equipped with ARGOS tags before release (PTT-100; Microwave Telemetry, Columbia, Maryland, USA). These tracking data are part of a broader disease and migration ecology study implemented by the Food and Agricultural Organization of the United Nations (FAO) and the U.S. Geological Survey (USGS). Locations were taken throughout the day, and 6448 positions for 22 individuals were obtained in total ( Table 2 ). The median sampling frequency for all individuals was 0.83 fixes per hour (25%-quantile: 0.24 fixes per hour, 75%-quantile: 2.40 fixes per hour). These tracking data show characteristics that are typical of empirical data, and we addressed these using different appro aches as described below: Variation in location error.-A common confounder of tracking data is the use of different tags or geopositioning sensors for the collection of animal movement data. The effect is a variation of location error in the data set, and consequently the corresponding environmental conditions. To account for this, we corrected for location error using temporally explicit estimates of the individuals' space use rather than the actual locations. From these utilization distributions (UD), we derived pseudopresences that better reflect the actual distribution of individuals in space. We used the dynamic Brownian Bridge movement model (dBBMM, Kranstauber et al. 2012 , R-package move, version 1.2.475) which estimates the UD of an individual from its movement path while also accounting for temporal autocorrelation and the spatial error of locations. Moreover, the dBBMM is time explicit, allowing us to estimate an individual's UD at any given point in time. We applied the dBBMM to each of the individual tracks, using the estimates from Douglas et al. (2012) to associate each location with the respective spatial error according to its ARGOS quality class. Prior to the sampling of pseudopresence locations, we split the dBBMM by day to obtain estimates of the UD during each day of tracking. We sampled 24 locations from the daily 99%-UDs weighted by the likelihood of the individual having used that location as indicated by the UD.
Individuals from multiple populations.-Our data set was comprised of individuals from multiple populations and study years. While such a setup is generally desirable, here individuals from for example China were caught and tagged in 2007, whereas Kazakhstan served as a study site only in 2008. Temporal changes in habitat use in this data set might thus have been caused by changes in the realized niche of individuals, but also by the change in study site over the years. For this reason, we pooled the available location data for all study years and applied the segmentation to the data using Julian days.
Irregular sampling.-Irregular sampling caused by intentionally irregular sampling schemes, missed fixes, or fluctuations in battery power can cause problems with methods that expect a regular time series of locations. For the niche segmentation, irregular sampling is especially relevant to the choice of a suitable window size S. The choice of S influences both the temporal resolution with which changes in habitat can be detected, but also the sample size available for the SDMs. We chose the position of windows so that larger temporal gaps fall between, rather than within windows. To accommodate the resulting differences in temporal spacing of windows, we incorporated this temporal information during the ordination of the transferability matrix using a constraining matrix that reflects the difference between the last date of one window and the first location of the subsequent window in days.
Lack of true absence data.-As true absences were not available, we sampled pseudoabsence data. We used the tracking data to estimate the area available to the individuals instead of drawing random samples from a previously specified spatial area, which has been reported to affect sensitivity and specificity of SDMs (Václavík et al. 2012) . To achieve this, we randomized the steps of all individual trajectories. We kept the start and end locations of trajectories constant, and randomized the order of steps in-between these locations. We then used the corresponding step lengths and turning angles to calculate the trajectories in the randomized order. This leads to a wide spread of random tracks around the actual movement of ducks both in space and in time, which we took as a reflection of where the animals could have been during the same time of year. We generated 100 alternative routes for each individual, calculated dBBMMs for these, and sampled pseudoabsence locations in the same way as we did for the presence locations.
We annotated all locations with environmental information using the Movebank Env-DATATool (Dodge et al. 2013) . We initially chose 57 variables containing information on climate, land use, elevation, human impact and vegetation features. Variables available as time series were interpolated linearly from the closest available measurements in time weighted by the inverse temporal distance. We eliminated all environmental variables for which more than 10% of the data were missing, so that only 19 variables remained (Appendix S1: Table S1 ). We repeated the segmentation procedure (see section Segmentation) using four different window sizes for the initial partitioning of the data (S: 500, 1000, 1500, 2000 locations). First we divided the data into subsets so that no subset contained large temporal gaps (>10 d). We then divided the data subsets into the smallest possible temporal units that met a minimum data criterion, for which we used the window size S.
Segmentation
Step 1: Assessing habitat use with random forest models.-Prior to modeling habitat use, all windows of the respective data set were divided into a training and a test data set, each containing 50% of the data. We then built random forest models for all windows (simulated data: one model per window; empirical tracking data: 100 replicates per window) based on the training data sets (Breiman 2001 , R-package randomForest, version 4.6.12). To prevent overfitting of the empirical tracking data models, we optimized the number of environmental variables as determined by fivefold cross-validations (random forest cross-validation for feature selection) on the corresponding test data.
Step 2: Transferability matrix.-We then assessed the transferability of the resulting random forest models, each based on a specific window, for (1) the test data of the corresponding window and (2) the test data of the other windows using the DI (see Section 1 in Appendix S1, Rubner et al. 2000 , R-package emdist, version 0.3.1). In doing so, we assessed the ability of the window models to predict the habitat use of all (other) windows. For the empirical tracking data, we used multiple model replicates for the same subset. We first chose the best ten model replicates as determined by their DI on their respective test data. We then used these ten best models to calculate the DI on their respective test data and also for the test data of the other windows. The resulting DI measures were then averaged per window and used to derive the transferability matrix (see Fig. 1, step 2) . For the simulated data, we used the DI as calculated from the single model replicates.
Step 3: Ordination and clustering of windows by transferability.-We ordinated the transferability matrix using a canonical correspondence analysis (CCA, Ter Braak 1986, R-package vegan, version 2.3.3) to make it suitable for clustering. For the empirical tracking data, this was applied with a constraining time distance matrix representing the temporal distance between the last location of window k and the first location of window k + 1 to correct for the temporal irregularities of the tracking data. Assuming that similar habitat use between windows would translate to high values of DI, we sought to detect coherent model ensembles using a fuzzy clustering algorithm (Kaufman and Rousseeuw 1990 , R-package cluster, version 2.0.3). We replicated the clustering on the ordinated transferability matrix using i = 2,…,n, where n is the total number of locations divided by the number of windows, of desired clusters. Post hoc, we then determined the optimum number of clusters using the cluster silhouettes (Rousseeuw 1987, Kaufman and Rousseeuw 1990) . Using the number of clusters i that produced the most compliant clustering, we merged the windows according to the clustering (termed niche segments) and annotated the complete data set accordingly.
Analysis of segmentation results
Segmentation of simulated data.-We evaluated the performance by testing the clustering derived from the segmentation against the known niche segments that were introduced during the data simulation using the Adjusted Rand Index (ARI, Rand 1971 , Gordon 1999 , R-package fpc, version 2.1.10). The ARI is a measure of similarity between two clustering alternatives that ranges from ARI = 0 (no better than random) to ARI = 1 (the clustering alternatives are identical). We calculated the ARI between the resulting segmentation and the simulated changes in the environment (for the scenarios of niche following and simultaneous change), as well as between the resulting segmentation and the simulated changes in habitat preference (for the scenarios of niche switching and simultaneous change). We tested the effects of changes in the different simulation parameters (Table 1) on the performance of the niche segmentation with a linear model, using the ARI as dependent variable. We standardized all numeric para meters using x = x −x∕σ x , where x is the actual observation, x the mean of all observations, and σ x their standard deviation. For the window size S and the number of niche segments, we also included v www.esajournals.org VAN TOOR ET AL. quadratic and cubic transformations in the linear model as suggested by a preliminary generalized additive model (GAM). We determined the 95% confidence intervals on the mean ARI of all simulations using bootstrapping with 10,000 replicates.
Segmentation of the empirical tracking data set.-Validation. We derived random forest models for all niche segments detected by the segme ntation using the respective locations corresp onding to the segments (=niche segment models). We randomly sampled 2000 locations as training data set from each niche segment and modeled habitat use as described above, repeating the process to obtain 100 model replicates. We calculated the DI of all model replicates on the data not used for training and kept only the ten models with the highest resulting DI. We com pared the spatial predictions made from niche segment models, assuming that those niche segments with similar habitat use should result in similar spatial predictions for the same environmental conditions. We obtained the envi ronmental conditions for every day of the study period with a resolution of 0.25 degrees while restricting the analysis to the spatial range of the species in Eurasia (BLI NS 2013). We used the niche segment models to predict habitat suit ability for the complete study period and aver aged the predictions over the 10 model replicates. We extracted the predictions for those Julian days corresponding to the respective niche seg ments and calculated the volumes of inter sections for each unique combination of these daily predictions to generate an empirical distribution of intrasegment variation. We calculated the volumes of intersection as the sum of the absolute per-pixel difference between any two spatial predictions. To estimate the differences between niche segments, we calculated daily volumes of intersection using (1) the reference prediction from the respective niche segment model and (2) the prediction for the same day but derived from the other niche segment model. This resulted in two distributions: one representing intrasegment variation and one representing intersegment differences for each pairwise comparison of two segments, which allowed us to do two-way comparisons using Kolmogorov-Smirnov tests. Only those segment pairs for which Kolmogorov-Smirnov tests suggested significant differences between intrasegment and intersegment vari ation in both directions were considered suffi ciently different. Else, we combined the respective niche segment data sets. We then compared the validated segmentations for the different window sizes used.
Contributions of migration and study site to the segmentation. Variation in habitat use might not only arise through changes in the environment or habitat preference of individuals, but also from environmental differences between study sites and the migration of individuals between their breeding and wintering areas. To estimate how this contributed to the final segmentation, we computed a GAM for ordered categorical data (Wood 2006, R-package mgcv, version 1.8.6). We used the segmentation for the window size of S = 2000 locations as response variable, the catching site as a linear predictor, and two smoothing parameters: Julian day (using a cyclic cubic regression spline) as well as longitude and latitude (using a spherical spline).
Comparison with full models. In addition to the niche segment models, we also built models for the complete data set following the same procedure as previously described, only that we used data covering the complete study period for the training of random forest models (100 replicates with 2000 randomly sampled locations each). We calculated the DI of each model replicate for the complete data set and only kept the ten model replicates with the highest DI. Subsequently, we used the full model replicates to predict both the full and the segmented data sets and estimated their respective performances using DI. We also calculated the predictive performance of the niche segment model replicates on both the full and segmented data sets. We used t tests and adjusted the P-values for repeated testing using Bonferroni corrections. All analyses were conducted using the software R (R Development Core Team 2012). The code used for the simulation and segmentation of the simulated data is available in the Supporting Information (Data S1).
results
Simulation experiments
The 95% confidence intervals of the mean overall ARI were (0.476; 0.484), while the modal ARI was 0.71 (Fig. 2) . This suggests that our v www.esajournals.org van TOOR ET AL. segmentation method performed better than random in all three scenarios (niche following, niche switching, simultaneous change). Overall, the performance was slightly higher when we calculated ARI based on the simulated environmental change than for changes in habitat preference. We found that segmentation performance also differed with both S and the true number of niche segments, as well as with the ratio between window size and the total number of locations (Table 3) . Overall, we found that the performance tended to be higher for lower numbers of introduced segments and for small to medium window sizes.
Segmentation of waterbird tracking data
The validation process that we applied after the segmentation of the empirical tracking data suggested that all detected niche segments differed significantly in their spatial predictions of habitat suitability (Kolmogorov-Smirnov tests, P < 0.01 in all cases). Thus, the SDMs derived from the detected niche segments represented different habitat use (see also Appendix S1: Fig. S2 ). Moreover, we found that different environmental variables were retained in the different niche segment models (Appendix S1: Fig. S3 ). Results from a linear model with ARI as response variable, and the number of true segments, the simulation scenario, number of data points, window size, and the ratio of window size/number of locations as predictors. When comparing the temporal structure of the segmentations resulting from different window sizes, we found that three niche segments were detected for the smaller three window sizes (S: 500, 1000, 1500 locations) and four for the largest window size (S: 2000 locations). The minimum temporal duration between change points of niche segments was naturally shorter for the smaller windows, and so the number of change points was lower for larger windows. However, we found that the timing of change points corresponded across window sizes (Appendix S1: Fig.  S4 ) and also seemed to roughly match the timing of life-history stages of the species (Scott and Rose 1996, Kear 2005 ; see also Fig. 4) . Migratory populations tend to arrive at their breeding grounds from late February onwards, corresponding to the first set of change points (beginning of March to mid-March for all S). Common teal usually start breeding in May, where we found a second change point in the largest window size. With the start of incubation in June, males usually migrate to molt at suitable sites, whereas the females stay at the breeding grounds until fall migration. For all window sizes, we found change points around the beginning of June as well as in mid-June, which is followed by a period of consistent habitat use until November, when the birds usually arrive at the wintering grounds. The last change point occurred in the beginning of December.
We tested how the use of individuals caught at different study sites as well as the migration of individuals might have influenced the segmentation using a GAM for ordered categorical data. The results suggest that the segmentation could be best explained by Julian day (Appendix S1: Table S2 ). Study site except for Kazakhstan, and the spatial position of locations used for the window models did only have minor effects on the temporal sequence of niche segments. When comparing the predictive performance of SDMs that were derived from (1) the segmented data and (2) the full data set, we found that niche segment models outperformed the full models on the respective niche segment data sets (twosample t tests, P < 0.01 in all cases, Fig. 3 ). Niche segment models were, however, outperformed by the full models when applied to the full data set. This pattern was observed for the segmentations based on all the window sizes used.
dIscussIon
Under the assumption that changes in observed habitat use are indicative of behavioral changes, they can be used for a segmentation of animal movement data, similar to a segmentation by geometric features of a trajectory (Gurarie et al. 2016) . In the simulated data, the clustering of windows based on a single measure of transferability allowed us to successfully detect the inbuilt temporal structure. When we applied the niche segmentation to an empirical data set of common teal, change points roughly corresponded to the species' life history, and the results from the segmentation were robust against changes in window size. We thus think that the niche segmentation can detect relevant changes in habitat use across multiple scales. Overall, the niche segmentation performed better than random on the simulated data. Several of the simulation parameters, however, showed an effect on the success of the segmentation as indicated by the ARI. The most crucial step in the segmentation was the choice of the window size S, which affects the resolution in determining changes in habitat use as well as the number of locations available to the window-specific models. We thus think that the overall higher values of ARI for smaller window sizes were likely due to the increased temporal resolution, while smaller window sizes inherently lead to less generalizable models in terms of habitat use. Whereas it has been shown that SDMs for specialized species can provide sensible predictions of species occurrence using just a few presence locations (Pearson et al. 2007 ), this does not apply to non-independent animal observations from tracking data, especially for a limited number of individuals. But despite this trade-off, the simulations showed that the niche segmentation can successfully detect changes in habitat use.
Using temporally explicit models of the space use of individuals and a temporally weighted partitioning of data into windows, we could apply the segmentation to an empirical tracking data set of the common teal. In contrast to simulated data, however, empirical movement data are often characterized by sampling irregularity and location errors. So while we could show that the segmentation worked well in the case of regular data with exact positions, it was not clear whether this ability of the method transfers to empirical movement data. We incorporated the temporal structure of the irregular tracking data using a constraining time distance matrix during the ordination of the transferability matrix. We also think that smaller temporal irregularities will not greatly affect the outcome of the segmentation, because the partitioning of the data into windows will inherently result in a fuzzy segmentation. Much of the temporal irregularity of empirical data can be redeemed by how the data are partitioned into windows, especially when the temporal scale of interest is greater than the scale of temporal inaccuracies. The impact of location error, however, we deem to be rather small for mainly two reasons: (1) In many cases, the spatial resolution of the environmental data is lower than the spatial resolution of movement data and will become more so over time as the use of highly accurate GPS devices increases, and (2) the spatial autocorrelation of the environment, that is, neighboring pixels of environmental data have highly correlated values. In our case study on the common teal, however, the location error was highly variable across the trajectories which could have introduced a bias in the accuracy of the environmental information corresponding to the locations over time. With the use of time explicit, we could reduce this bias by sampling pseudopresence points that reflect the environmental conditions within the 99% UDs rather than just at a single erroneous location.
The detected change points of the niche segmentation bear similarities to the life-history cycle of the species (Fig. 4) . What is also important to note is that the predictions from niche segment models also differed considerably in the spatial distribution of suitable habitat (Appendix S1: Fig. S2 ), corresponding to the changes in the spatial distribution of the species in the wild. Finally, niche segment models outperformed full models when predicting the respective niche segment despite using the same amount of samples for training the models, which indicates that the changing interactions between individuals and environment over time could not be completely captured by the full models. Although changes in habitat use are likely to be driving the segmentation pattern, there are alternative explanations that could result in the segmentation of the data into multiple niche segments. One of them is the use of location data from several different populations. Habitat composition at these study sites might be so different that changes in habitat use could more easily be explained by catching site, especially because individuals at the different study sites were caught during different times of the year (Table 2 ). This can result in an unbalanced distribution of location data from the different populations across the year. However, we found that the series of niche segments could not be explained by study site, and only the individuals from Kazakhstan seemed to use different habitats than the individuals from the other populations. Consequently, the niche segmentation was likely to reflect consistent differences in habitat use of common teal throughout the year.
In general, there is a growing tendency to use the framework of SDMs for fine-scaled analyses of variation of habitat use to illuminate the dynamic interface between individuals and their environment (e.g., van Toor et al. 2011 , Pikesley et al. 2015 , as well as an increasing availability of long-term and high-resolution animal Fig. 4 . Comparison of the life-history stages of common teal for both males and females (Scott and Rose 1996, Kear 2005) with the segmentation derived with a window size of S = 2000. The coloring is kept differently to not imply any untested similarities.
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Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec movement data sets. The fusion of both provides a promising approach to extract an environmentally informed behavioral signature from the trajectories of single individuals as well as groups of animals. As movement and habitat use are an expression of individual decisions, because individuals are driven by physiological necessities like energy requirements and optimal breeding sites (e.g., Boone et al. 2006 , Nathan et al. 2008 , Suárez-Seoane et al. 2008 , Bischof et al. 2012 , the behavioral annotation of trajectories will allow us to derive ecologically meaningful models of animal movement. In addition to increasing the understanding of animal movement, SDMs used for the spatial prediction of habitat suitability on larger scales can profit from the incorporation of changes in both habitat preferences and the environment. This might especially apply to migratory species which are currently underrepresented in studies applying SDMs (Web of Science search, 12 March 2015, 358 and 15,698 publications using the keywords "species distribution model" with and without "migrat*"). This is of special concern, as the areas used by migratory species are currently underrepresented by protected areas (Runge et al. 2014) . SDMs could therefore incorporate the underlying temporal dynamics of habitat use and habitat availability by applying a niche segmentation and deriving separate models for segments. This might help to improve predictions of habitat suitability for these cases or for species that require different types of habitat or resources during their life cycle (e.g., Werner and Gilliam 1984 , Wilbur 1988 , Hatase et al. 2002 . Thus, it could be possible to identify restrictions of the fluctuations in the availability of suitable habitat, and how suitable areas might be connected in space and time. Overall, using a niche-based segmentation can contribute to the understanding of animal behavior from using remotely tracked animal movement data. The niche segmentation will determine change points in habitat use rather fuzzily and with only approximate times, owed to the fact that they are found by comparing windows of a discrete size and thus sudden changes can only be found if they coincide with falling at the very end or start of a window. Yet, the fuzziness in finding changes also can be an indication of gradual changes involved in speciesenvironment interactions. A segmentation based on habitat use adds a component of information to models that cannot necessarily be covered by a segmentation based on movement geometry alone. By integrating information like age or sex, smaller and more subtle changes in habitat use will potentially become traceable. Overall, a niche segmentation as presented here can not only contribute to the understanding of processes that are mediated by how individuals interact with a changing environment, but also provide new opportunities to integrate changing landscapes into the study of the spatial dimension of animal behavior.
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